Children's Mercy Kansas City

SHARE @ Children's Mercy
Manuscripts, Articles, Book Chapters and Other Papers
7-2021

The Envirome Web Service: Patient context at the point of care.
Natalie J. Kane
Children's Mercy Hospital

X Wang
M M Gerkovich
Matthew L. Breitkreutz
Children's Mercy Hospital

B Rivera

See next page for additional authors

Follow this and additional works at: https://scholarlyexchange.childrensmercy.org/papers

Recommended Citation
Kane NJ, Wang X, Gerkovich MM, et al. The Envirome Web Service: Patient context at the point of care. J
Biomed Inform. 2021;119:103817. doi:10.1016/j.jbi.2021.103817

This Article is brought to you for free and open access by SHARE @ Children's Mercy. It has been accepted for
inclusion in Manuscripts, Articles, Book Chapters and Other Papers by an authorized administrator of SHARE @
Children's Mercy. For more information, please contact library@cmh.edu.

Creator(s)
Natalie J. Kane, X Wang, M M Gerkovich, Matthew L. Breitkreutz, B Rivera, Harish Kunchithapatham, and
Mark A. Hoffman

This article is available at SHARE @ Children's Mercy: https://scholarlyexchange.childrensmercy.org/papers/3558

Journal of Biomedical Informatics 119 (2021) 103817

Contents lists available at ScienceDirect

Journal of Biomedical Informatics
journal homepage: www.elsevier.com/locate/yjbin

Original Research

The Envirome Web Service: Patient context at the point of care
N.J. Kane a, X. Wang b, M.M. Gerkovich b, M. Breitkreutz a, B. Rivera a, H. Kunchithapatham a, M.
A. Hoffman a, b, *
a
b

Children’s Mercy Hospital, Kansas City, MO, United States
University of Missouri-Kansas City, United States

A R T I C L E I N F O

A B S T R A C T

Keywords:
Electronic Health Record
Envirome
Social determinants
Health disparity
Web service
Exposome

Patient context – the “envirome” – can have a significant impact on patient health. While envirome indicators are
available through large scale public data sources, they are not provided in a format that can be easily accessed
and interpreted at the point of care by healthcare providers with limited time during a patient encounter. We
developed a clinical decision support tool to bring envirome indicators to the point of care in a large pediatric
hospital system in the Kansas City region. The Envirome Web Service (EWS) securely geocodes patient addresses
in real time to link their records with publicly available context data. End-users guided the design of the EWS,
which presents summaries of patient context data in the electronic health record (EHR) without disrupting the
provider workflow. Through surveys, focus groups, and a formal review by hospital staff, the EWS was deployed
into production use, integrating publicly available data on food access with the hospital EHR. Evaluation of EWS
usage during the 2020 calendar year shows that 1,034 providers viewed the EWS, with a total of 29,165 sessions.
This suggests that the EWS was successfully integrated with the EHR and is highly visible. The results also
indicate that 63 (6.1%) of the providers are regular users that opt to maintain the EWS in their custom work
flows, logging more than 100 EWS sessions during the year. The vendor agnostic design of the EWS supports
interoperability and makes it accessible to health systems with disparate EHR vendors.

1. Introduction
The majority of biomedical research focuses on biological charac
teristics of health and disease while significant contextual factors are
recognized as having major impact on health outcomes. Health dispar
ities with root causes in residential segregation and other inequitable
economic development practices have affected the distribution of the
social determinants of health (SDH), environmental exposure, and
health risk in communities across the United States [1,2]. This history
poses significant challenges to designing and delivering effective health
interventions and patient-centered care [3], and is tied to population
health disparities at the local level. For example, a Robert Wood Johnson
Foundation (RWJF) study found a significant difference in life expec
tancy for residents living only a few miles apart in Kansas City, Missouri
neighborhoods still divided by historic boundaries of racial residential

segregation [4]. In one striking example, the study reports that residents
living in the Armour Hills neighborhood, zip code 64113, have an
average life span of 83 years, while residents in the nearby Blue Hills
neighborhood, zip code 64130, approximately 3 miles away, have an
average life span of only 69 years.
In addition to directly affecting health outcomes, personal, socio
economic, and environmental context can impact the efficacy of pro
vider treatment strategies [5–8]. Failure to identify social determinants
contributing to a patient’s health outcomes can also lead to misdiagnosis
and inappropriate interventions [9]. This has fueled recent calls to make
standardized patient context and SDH data available in electronic health
records (EHR) systems, both to demonstrate the meaningful use of EHR
and to facilitate improved care coordination and shared decision making
[10–13]. Little progress has been made, however, in identifying and
mitigating the influence of these contextual factors at the point of care
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2.2. Application design & geocoding

[14]. A major barrier to progress is that providers are unable to access
standardized patient context information in an efficient and reliable
manner through existing EHR systems [15]. Providers also face limited
patient contact time, an increasing administrative burden outside the
examination room, and may lack data science skills, all of which can
prevent them from the regular collection and use of context data directly
from the patient or public data sources [16–19]. While there are
numerous proposals for technology to make patient context information
available and usable in healthcare, there are few models of successful
implementation [20]. Furthermore, significantly modifying a provider’s
workflow would likely cause disruptions, which can discourage the
uptake of new patient context tools and make the EHR less navigable in
general [21].
The collective set of environmental exposure risks faced by an indi
vidual is increasingly referred to as the “exposome” [22]. The exposome
encompasses a person’s physical environmental exposures, or chemical
stressors, throughout their life. Evidence suggests, however, that health
outcomes depend on both chemical and non-chemical stressors,
including SDH [23]. The “public health exposome” was developed to
account for the role of exposure to social and policy environments in
population health disparities research [24]. Other exposome-related
research focuses on the biological mechanisms through which psycho
social factors influence exposure and health risk, for example lifestyle
habits that are tied to chronic inflammation [25]. An alternative
framework, the “envirome,” synthesizes these different conceptions of
the exposome, integrating data on environmental exposure with the
SDH at both the patient and population levels; the complete social and
physical environment [26]. As with other “omes”, the envirome lever
ages data science and a “big data” infrastructure that can capture a wide
range of contextual indicators important to understanding and
responding to patient health risk and population health inequities [27],
and it can be explored using methods similar to those applied to geno
mics [28]. Furthermore, the envirome includes social and environ
mental risk factors that might contribute to racial and spatial
inequalities in health, which can vary substantially between patients
and neighborhoods in close proximity [29].
In response to the need for patient context information in practice,
the Envirome Web Service (EWS) clinical decision support (CDS) tool
was designed and developed to bring relevant community-level data to
the point of care in the Children’s Mercy Kansas City (CMKC) hospital
system. CMKC is a pediatric medical center providing specialty, emer
gency, urgent, and primary care to the Kansas City region, in addition to
growing research and medical education programs. This novel data
infrastructure geocodes patient addresses in real time and presents
envirome indicators to providers in the EHR without disrupting their
existing clinical workflow [30]. EHR utilization data was used to eval
uate the EWS, including how frequently the EWS was viewed by
different provider types in a single year.

CMKC uses the Cerner Millennium EHR (Cerner Corporation, Kansas
City, MO) to access patient health records at the point of care. The EHR
includes a Cerner feature, the MPage, which presents an HTML-based
summary of information specific to their clinical focus. We leveraged
the existing EHR platform and user interface as the base infrastructure
for presenting the envirome, displaying patient context data in a web
service; the EWS MPage. The backend infrastructure is independent of
the EHR.
In the CMKC system, residential address information captured during
registration forms the basis for the EWS. To collect patient location in
formation, we used a privacy-protecting geocoding methodology that
inserts Microsoft Azure (Microsoft, Redmond, WA) as an intermediate
covered by a Business Associates Agreement (BAA) between the CMKC
source systems and the Google Geocoding Application Programming
Interface (API) [30]. The Google API then receives geocoding requests
from a generic Azure IP address. The EWS is built to follow the Repre
sentational State Transfer (REST) model. As a RESTful web service, the
EWS consists of an internal application that communicates with the
intermediate APIs using a service-to-service OAuth 2.0 authentication
mechanism. The internal application passes geocoding requests through
the intermediate Azure APIs to the Google Geocode API [33]. The
response is then sent back to the internal application to generate the
envirome profiles, which are displayed on the EWS MPage. This realtime geocoding strategy is low maintenance, low cost, and efficient,
making current location and Envirome data available to providers while
also protecting patient privacy.
The EWS enables queries against a database of envirome indicators
using the geocoded patient address information. When a provider ac
cesses the EHR for a patient, the real-time geocoding process is initiated
outside the Cerner Millennium platform. The geocoded information is
then passed to the Federal Communications Commission (FCC) Census
Block Conversions API [34], which returns census geographic identifiers
used to query the EWS database. The resulting patient context indicators
received from the database are summarized, passed as a JavaScript
Object Notation (JSON) message back to the EWS MPage, and displayed
in an HTML format. The architecture and workflow for the pilot EWS are
visualized in Fig. 1.
2.3. Pilot Envirome Web Service & simulated patient profiles
Simulated profiles for test patients were created in the Cerner Mil
lennium EHR system at CMKC and assigned mock addresses. The
simulated patient profiles presented in the EWS MPage included data
visualizations and text summaries of the census tract patient context
indicators, which were selected based on the results of the REDCap
survey and stored in a database. The residential addresses for the
simulated patients were informed by the RWJF study, which demon
strated a significant disparity in the average life expectancy between zip
codes 64113 and 64130; historically segregated zip codes only a few
miles apart in Kansas City, Missouri. These examples provided a relevant
narrative for the focus group discussions given the contrasts between the
two nearby areas. The patient profiles, however, were populated with
higher resolution census tract data, the lowest level at which most public
datasets are readily available and reliable [35].

2. Materials and methods
2.1. Provider survey
A Research Electronic Data Capture (REDCap) survey was conducted
to gauge interest among providers affiliated with the University of
Missouri-Kansas City (UMKC) in presenting candidate community-level
envirome indicators in the EHR [31,32]. The survey questioned re
spondents about their general interest in indicators related to health risk
and vulnerability, including community-level socioeconomic, food
desert, air quality, and water quality data. The results from the REDCap
survey guided the development of a pilot EWS. A set of simulated patient
profiles were designed to display examples of a subset of indicators for
which survey respondents showed an interest. The simulated patient
profiles were then used in provider focus groups to evaluate and refine
the tool’s content and design.

2.4. Production
Provider focus groups were presented with screenshots of the EWS
MPages for the simulated patient profiles and asked to respond to a set of
structured questions designed to assess of the usefulness of the data and
the participants’ understanding of the data visualizations. Participants
were also presented with open-ended questions to allow for unstruc
tured feedback. For the structured questions, participants were asked to
rate the usefulness of each indicator presented in the screenshots on a
2
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Fig. 1. Architecture of patient context web service integration with electronic health record.

scale from 1 to 10, where 1 indicates that the participant thinks the data
has very low usefulness and 10 indicates the data would be extremely
useful. Participants were then asked to rate the envirome indicators from
1 to 10 in terms of how understandable the data visualizations were,
where 1 is the lowest rating and 10 is the highest rating.
Findings from the focus groups informed the final design the EWS,
which was also subject to a round of review and revision with the CMKC
Provider Approval group, which evaluates information systems (IS)related topics that impact CMKC physicians. After evaluating feedback
from both the focus groups and the Provider Approval group, the final
version of the web service was then presented and approved by the
CMKC Change Advisory Board (CAB) for production use in the EHR.

updates will be incorporated as they become available.
The socioeconomic, demographic, and food desert status and context
indicators were summarized in tabular format. The patient profiles also
included pie charts showing the distribution of the population by age
and by race, ethnicity, and nationality. Food access indicators for low
access populations by the distance to the nearest supermarket were
presented in a bar chart. Table 1 provides a summary of each indicator
included in the simulated patient profile Envirome MPages by data type.
3.3. Production

2.5. Utilization

To evaluate and finalize content for the pilot EWS, 12 physicians
affiliated with UMKC participated in 5 focus groups between May and
July of 2016. Of the 12 physicians, 5 were general pediatricians, 6 were

The Response Time Management System (RTMS) within Cerner was
queried to evaluate usage from January 1-December 31, 2020. The
dataset was deduplicated, cleaned, and summarized to show the distri
bution of providers by specialty and category.

Table 1
Envirome Simulated Patient Profile Indicators by Data Type.

3. Results

Data Type

Indicator

Socioeconomic

Income
Median Family Income
Median Household Income
Education
Population in College (%)
Population with a Bachelor’s Degree or Higher (%)
Housing
Median Home Value
Median Gross Rent
Population Living in Renter Occupied Households (%)
Age
Median Age
Population Under 18 (%)
Population Over 65 (%)
Race, ethnicity, and nationality
Population by Race (%)
Foreign Born Population (%)
Hispanic Population (%)
Food Desert Status & Context
Food Desert (Yes/No)
Total Population
Total Number of Housing Units
Location Type (Urban/Rural)
Low Income Census Tract (Yes/No)
Low Access Census Tract (Yes/No)
Bar Chart: Low Access Populations by Distance to the Nearest
Supermarket (0.5, 1, 10, and 20 miles)
Total Population
Low Income Population
Children Age 0–17
Seniors Age 65+
Housing Units without Vehicle Access

3.1. Provider survey
The REDCap survey was distributed to a group of UMKC School of
Medicine clinician faculty members via email in November 2015. The 26
respondents were most interested in improved access to socioeconomic
and demographic information, followed by air quality and food desert
status.

Demographic

3.2. Pilot Envirome Web Service & simulated patient profiles
Following feedback from the REDCap survey, a proof-of-concept
database was initially populated with census tract socioeconomic and
demographic indicators from the 2010 Decennial Census, and food ac
cess data published by the U.S. Department of Agriculture (USDA) [36].
These data sources were used because they are consistently available for
census tracts throughout the United States, providing indicators for
patients living in different municipalities and regions. Though the sur
vey participants expressed interest in air quality indicators, they were
excluded from the database given limited quality and currency of
available national-level environmental exposure data. The mock ad
dresses for the simulated patients were geocoded, assigned a census tract
geographic identifier, and joined with the relevant census and USDA
food desert data stored in the database. The EWS database is currently
managed locally and stocked manually with envirome data. Source data

Food Access
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simulated patient profile for the final version of the EWS MPage
deployed in 2018 and currently in production use at CMKC is presented
in Fig. 3.

specialists, and 1 was an internal medicine physician. Using screenshots
of the EWS MPages for the simulated patients, the focus groups
responded to a series of both structured and unstructured questions to
assess the tool’s content and usability. The results of the structured
questions and associated usefulness and understanding ratings are pre
sented in Table 2.
While the socioeconomic and food desert data scored highly in the
usefulness assessments, the initial food desert data visualization scored
low in terms of understanding. A sample screenshot of the pilot EWS
MPage food access – or food desert – profiles for each simulated patient
is presented in Fig. 2. Fig. 2 (A) shows the different census tract food
desert indicators for the simulated patient living in the relatively high
life expectancy zip code, 64113; Fig. 2 (B) shows the results for another
simulated patient living in the low life expectancy zip code 64130. The
food desert indicator describes low access to food within 0.5 miles, 1
mile, 10 miles, and 20 miles from the home. The bar chart shows the
total number of people in each category of low access, which is stratified
by other indicators of social determinants.
The open-ended questions to the focus groups identified some com
mon reactions to both specific indicators and the general data sources.
Participants commented that specific indicators needed to be more
clearly defined and that they should be presented with county, metro,
and state benchmarks to provide a frame of reference. Data visualiza
tions were also critiqued for being difficult to use in a clinical setting. For
example, the food desert indicators were identified as relevant and
actionable, but participants suggested that the EWS MPage show only a
binary indicator stating whether a patient resides in a food desert rather
than displaying information on different low-access populations. The
unstructured focus group responses also indicated that, while partici
pants found many of the census socioeconomic and demographic in
dicators interesting, they were concerned that the data may not always
be clinically actionable. Members of the focus groups suggested adding
alternative data sources not presented in the simulated patient profiles,
including the population indicators for crime, vaccination rates, and
homelessness.
The CMKC Provider Approval group reviewed the proposed EWS
and, like the focus groups, voiced concern about the lack of actionable
content, also stating that it might increase the risk of implicit bias. The
Provider Approval group recommended limiting initial content to the
most actionable information – the food desert data. Following feedback
from both the focus and Physician Advisory groups, the EWS was
updated to display to only a simple text indicator of whether a patient
resides in a food desert. The profile also shares a brief definition of the
food desert indicator and the data source. The updated web service was
then reviewed and approved by the CMKC CAB for use in the EHR. A

3.4. Utilization
The query of the EWS RTMS data in Cerner Millennium resulted in a
dataset representing 47,182 views, or sessions, of the EWS in the EHR
from January 1-December 31, 2020. Each session was associated with a
user role and the date and time that the EWS was viewed. We noted 563
sessions associated with non-medical staff (e.g. database administrators,
informatics staff, technical support), and removed those from the sam
ple. Additionally, a provider may scroll through a chart multiple times in
a single session, resulting in duplicates. To deduplicate the data, a ses
sion ID was created based on the provider ID, date and the hour. All
views of the EWS by a provider in an hour are considered a single ses
sion. The data was subset by unique session ID to obtain a final sample of
29,165 sessions.
Providers were grouped into 6 general categories: general pediatri
cians, specialists, advanced practice registered nurses and physician
assistants (APRN/PA), residents, students, and other medical staff (e.g.
pharmacy staff). There was a total of 1,034 providers who viewed data
generated by the EWS in 2020. Table 3 shows the number of providers
and the number of EWS sessions by provider type. Specialists accounted
for 32.8% of all users – 339 specialists – and comprised the highest
number of sessions with 8,405 (28.8%) sessions in 2020. This is followed
by residents, who made up 21.1% of users and 20.3% of sessions. Stu
dents accounted for 17.9% of all providers, but only 6.4% of EWS ses
sions, while APRN/PAs made up 17.4% of providers but had the second
highest number of sessions at 6,617 (22.7%). In contrast, general pedi
atricians made up only 6.4% of all users – 66 general pediatric providers
– but had 6,176 (21.2%) sessions in 2020. The remainder was made up
by other staff, who constituted 4.4% of users and had 155 (0.5%)
sessions.
The data indicates substantial variation in the number of sessions per
provider. Of the 1,034 providers, 826 (79.9%) had 1–25 sessions; 145
(14.0%) had 26–100 sessions; and 63 (6.1%) had more than 100 sessions
in 2020. We consider providers with only 1–25 sessions ‘infrequent’
users; users who either do not have frequent patient contact or who have
not kept the EWS in a regularly used part of their EHR workflow. In
contrast, we consider providers with more than 100 sessions ‘regular’
users given the high frequency of EWS sessions during the year, indi
cating that they maintain the EWS in their daily EHR workflow.
To examine variation in the volume of EWS views, Fig. 4 summarizes
the distribution of users by provider type and number of sessions. This
shows that the data is unevenly distributed for most provider types. For
example, of the 339 specialists who viewed the EWS, 283 (83.5%) had
1–25 sessions throughout the year, while only 16 (4.7%) had more than
100 sessions, indicating that most specialists are infrequent users. In
contrast, the proportion of general pediatricians who were regular users
with more than 100 sessions in a year period is comparable to the
number of regular users among specialists; of the 66 general pediatri
cians, 16 (25.4%) had more than 100 sessions in 2020. Fig. 4 also shows
that both the student and other provider types have no users who fall in
the regular use categories of 100 or more sessions in a year.

Table 2
Focus Group Participant Ratings of Patient Context Indicators and Data
Visualizations.
Usefulness Ratings
Socioeconomic Indicators
Income
Race
Education
Age
Housing
Food Desert Indicators
Census tract
Low access
Socioeconomic Indicators
Overall
Food Desert Indicators
Census tract
Low access

Median (Min, Max)

Mean (Std)

8 (4,
7 (2,
6 (2,
6 (2,
6 (1,

8.2
6.3
6.6
5.7
5.3

10)
9)
10)
10)
8)

(1.9)
(2.0)
(2.7)
(2.9)
(2.3)

8 (4, 9)
7 (1, 9)
Understanding Ratings
Median (Min, Max)

7.3 (1.7)
6.3 (2.5)

8 (3, 10)

7.5 (2.0)

4 (2, 9)
3 (1, 8)

4.6 (2.4)
3.6 (2.0)

4. Discussion
The Envirome Web Service (EWS) is a functional proof of concept
CDS tool for displaying patient context information in the EHR, which
can be applied in health systems with diverse patient populations and
with different EHR vendors. The EWS successfully shares patient context
data with providers without disrupting their existing EHR workflow and
can be customized with new content over time to demonstrate the
meaningful use of EHR [37].

Mean (Std)
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A

B

Fig. 2. Low access to food (food desert) bar charts presented in the pilot EWS MPage. A – Census tract food access for a simulated patient residing in a high life
expectancy zip code (64113). B – Census tract food access for a simulated patient residing in a lower life expectancy zip code (64130).

4.1. Application design & geocoding

function seamlessly within the existing infrastructure, processing pa
tient addresses in real time to provide efficient decision support while
also protecting privacy [42]. The geocoding methodology deployed by
the EWS achieves these aims to facilitate secure, real time geocoding at
the point of care [30]. This simple and efficient solution to patient
address geocoding can be reproduced at other health institutions using
existing, site-specific infrastructure. If needed, future versions of the
EWS can include address cleaning and validation as additional steps
within the current geocoding process.

End-users were engaged throughout the design of the EWS. Their
input guided the project toward a terse and simple presentation rather
than a more complex set of visuals. The users also emphasized the value
of clear clinical utility. The EWS uses a series of API calls and a database
of publicly available indicators to summarize patient context indicators
in the EHR. The vendor agnostic design of the EWS supports the inter
operability and mobility of the application [38]. It also ensures flexi
bility in reviewing and updating the EWS over time, which is
particularly important given the lack of formal standards, guidelines,
and examples for adding patient context data to the EHR [15]. Inter
operability, however, will ultimately depend on standardization using
common frameworks such as the Fast Healthcare Interoperability
Resource (FHIR) [39,40]. The EWS was not initially configured ac
cording to the FHIR standard because FHIR is not fully adopted by the
CMKC health system.
Providing information about patient context requires accessing pa
tient addresses; protected personal health information (PHI) that can be
difficult to securely geocode [41]. The geocoding methodology needs to

4.2. Pilot Envirome Web Service, simulated patient Profiles, & production
The pilot EWS was used to develop simulated patient profiles,
sharing a variety of data summaries and visualizations of patient context
indicators within a simple and sustainable format. The real-world
simulated patient profiles were based on addresses only a few miles
apart; for patients living in neighborhoods with significantly different
demographic, socioeconomic, and other envirome characteristics. The
initial indicators used in the simulated patient profiles were informed by
the original REDCap survey of local providers. The results show
5
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Fig. 3. Production EWS MPage at Children’s Mercy, shown with simulated patient data.
Table 3
Number of EWS sessions, providers, and the frequency of sessions by provider type, Jan. 1-Dec. 31, 2020.
Providers by the Number of Sessions
Provider Type
Specialist
Resident
Student
APRN/PA
General Pediatrician
Other

Sessions (N ¼ 29,165)

Providers (N ¼ 1,034)

1–25 (N ¼ 826)

26–100 (N ¼ 145)

>100 (N ¼ 63)

8405 (28.8%)
5928 (20.3%)
1884 (6.5%)
6617 (22.7%)
6,176 (21.2%)
155 (0.5%)

339 (32.8%)
218 (21.1%)
185 (17.9%)
180 (17.4%)
66 (6.4%)
46 (4.4%)

283 (34.3%)
157 (19.0%)
170 (20.6%)
135 (16.3%)
36 (4.4%)
45 (5.4%)

40 (27.6%)
50 (34.5%)
15 (10.3%)
25 (17.2%)
14 (9.7%)
1 (0.7%)

16 (25.4%)
11 (17.5%)
0 (0.0%)
20 (31.7%)
16 (25.4%)
0 (0.0%)

Fig. 4. Distribution of Providers by the Number of EWS Sessions from Jan. 1-Dec. 31, 2020.

substantial differences in patient context indicators like food access
between each neighborhood. The focus groups, and later, the Provider
Approval group, helped to refine the breadth and content of the EWS to
focus on a food access indicator for initial production use of the EWS; an
easy-to-consume and actionable indicator.

While there may be relevant high-resolution context data available
for a given municipality, providers need access to reliable and consistent
envirome indicators for their patients. To account for this, the EWS was
populated with indicators derived from publicly available, national
datasets with a consistent spatial resolution, quality, and content.
6
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Though the current EWS is limited to food access data, it provides a clear
and succinct indicator of a modifiable risk to the patient’s general health
that might also represent challenges to treatment adherence [43,44].
The architecture can readily be extended to support future content
sources. In addition to publicly available indicators like USDA food
deserts, custom health system indicators can be derived from the EHR
and displayed in the EWS to better characterize the patient’s context in
terms of known health risk [45]. Furthermore, the EWS can be updated
with content to meet the growing demand for information on climaterelated health risks at the point of care, such as measures of the urban
heat island effect [46].

literature is that, without a clear path for mitigating the SDH through
healthcare, screening can negatively impact patients and jeopardize the
efficacy of a provider’s treatment plan [49]. The initial release of the
EWS was pared down to a simple flag for food desert status; an indicator
related to the modifiable risk of food insecurity. Subsequent research
should develop strategies for adding envirome data into the EHR as a
complement to patient SDH screening and referral management, both to
reduce the risk of intervention-generated inequality (IGI) and to
improve performance [50–52]. Similarly, providers can be given
training on the intended use of the EWS as a tool for shared decision
making, which can help to increase uptake in clinical practice and to
mitigate some of the risk of it encouraging implicit bias [53,54].

4.3. Utilization

CRediT authorship contribution statement

Each provider can customize the features available to them in
Cerner. The EWS utilization data suggests a large cohort of providers
include the EWS as an active component of their EHR configuration.
Furthermore, the high volume of sessions indicates the successful
placement of the EWS in the EHR; that the web service was conveniently
integrated within existing provider workflows. For example, while
specialists constituted the highest number of sessions and providers,
there was a higher number of views per provider among general pedi
atricians compared with specialists; general pediatricians made up only
6.4% of users but accounted for 21.2% of sessions. This may relate to the
greater volume and variety of patients seen by general pediatricians
compared with specialists. Similarly, students made up 17.9% of the
total number of users who viewed the EWS in 2020, but accounted for
only 6.46% of sessions, which is in line with expectations given limited,
direct interaction with the EHR.
While the session data itself only represents views of the EWS and is
not able to communicate whether or how the EWS was used at the point
of care, it does provide a basis for tracking the visibility of the EWS in
different contexts. For example, the distribution of providers by the
number of sessions in Fig. 4 helps to elucidate variation in how
frequently each provider views the EWS. This can provide insight into
types of users; irregular or regular users. The utilization data can be used
to inform subsequent surveys and focus groups based on provider views
and specialty to further evaluate the EWS.
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